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Abstract: Since the beginning of this decade, there has seen an exponential growth in number of 
internet users using social media, especially Twitter for sharing their views on various topics of 
common interest like sports, products, politics etc. Due to the active participation of large 
number of people on Twitter, huge amount of data (i.e. big data) is being generated, which can 
be put to use (after refining) to analyze real world problems. This paper takes into consideration 
the Twitter data related to the 2017 Punjab (a state of India) assembly elections and applies 
different social media analytic techniques on collected tweets to extract and unearth hidden but 
useful information. In addition to this, we have employed machine learning algorithm to perform 
polarity analysis and have proposed a new seat forecasting method to accurately predict the 
number of seats that a political party is likely to win in the elections. Our results confirmed that 
Indian National Congress was likely to emerge winner and that in fact was the outcome, when 
results got declared. 
Keywords: Analytics, Election Prediction, Social Media, Natural Language Processing, Machine 
Learning, Sentiment Analysis, Twitter    
  
1. Introduction 
Social Media consist of different platforms (for example Facebook, Instagram, LinkedIn, 
Twitter, WhatsApp, Youtube etc) which provide digital environment, where people from 
different backgrounds and regions communicate on common interests (viz: Business, Economic, 
Political & Social Issues) (Alalwan et al., 2017; Aladwani and Dwivedi, 2018; Bertot et al., 
2012; Gintova, 2019; Dwivedi et al., 2015; Kamboj et al., 2018; Kapoor et al., 2018; Khan and 
Khan, 2019; Rad et al., 2017; Tang et al., 2019; Zhang et al., 2019). Talking about politics, any 
political event attracts a lot of social media attention. When it comes to the elections, which is an 
important event for any country, region or state, the rate of social media buzz created by such 
events is very high and often attracts a lot of people. Such popularity suggests that social media’s 
role is an important political game changer (Howard and Parks, 2012; Kavanaugh et. al., 2012; 
Lim, 2012; Yaqub et. al., 2017).  
Most of the researchers have described social media as a mode for large scale communication 
(Alalwan et al., 2017; Boynton and Richardson, 2016) and have also outlined its role in 
impacting the outcome of election events (Bruns and Stieglitz, 2013; Grover et al., 2019). Barack 
Obama’s 2008 US presidential elections (Bruns and Stieglitz, 2013) and Narendra Modi’s 2014 
Indian General Elections (Kapoor and Dwivedi, 2015) are two of the biggest case studies which 
clearly portrays how social media turned out to be the biggest driving factor in their respective 
campaigns towards victories (Grover et al., 2019). Voters definitely get empowered by social 
media blitz which enhances deliberative democracy among them (Lawrence et al., 2010; Yardi 
and Boyd, 2010). Deliberations may eventually help the voters in: (a) refining their own 
opinions; (b) listening to different opinions; and (c) identifying common ends and means 
(Lawrence et al., 2010). 
Ever since the 2014 Indian general elections, there has been a significant rise in the use of social 
media (especially Twitter) in India by politicians as well as common people (voters) (Kapoor and 
Dwivedi, 2015). Every subsequent election in India has seen a significant use of Twitter by the 
politicians for campaigning, while the voters use social media to show their support as well as 
hindrance towards a particular candidate or political party.  Similar trend and observations have 
been made in the case of 2017 Punjab (India) assembly elections, which was bound to witness a 
triangular battle for the first time with the addition of a new political outfit (namely, Aam Aadmi 
Party (AAP)) contesting against the traditional rivals Indian National Congress (INC) and the 
alliance of Shiromani Akali Dal (SAD) & Bharatiya Janata Party (BJP).  
Drawing motivation from above, the aim of this paper is to explore the role of Twitter in 2017 
Punjab assembly elections for understanding how Twitter can serve as an important tool to 
predict the outcome of future political events when combined with techniques for social media 
analytics (SMA) techniques such as sentiment analysis, content analysis, topic modeling etc. In 
addition to this, we have attempted to evaluate the possible change in voting preference as the 
elections drew near. Further, we have proposed a new seat forecasting technique using machine 
learning algorithm and mathematic notations that can predict (based on Twitter conversations 
about elections) the possible number of seats a political party is likely to win in the elections.  In 
order to accomplish the proposed objectives, we have collected a total of 9,157 tweets over a 
period of 28 days and applied social media analytics to analyze the collected data.   
The remaining part of this paper is structured as follows: Section 2 gives a brief background of 
Punjab assembly elections. Section 3 discuses related work done in this field. This followed by 
various pre-poll factors affecting the election results in Section 4. In Section 5, research 
methodology has been discussed briefly.   Section 6 gives the details of data collection, while 
Section 7 deals with the data preprocessing phase. Section 8 discusses the various social media 
analytics techniques along with its results followed by a seat forecasting method in Section 9. A 
discussion of results is presented in Section 10. Finally, we conclude in Section 11 by outlining 
key points and limitations of this study.   
2. Background Punjab Assembly Elections  
Ever since the formation of modern day Punjab (India) in 1966, elections in Punjab had always 
been a two horse race. Two traditional parties INC and SAD along with their alliance partners 
BJP had always ruled the state for five years on alternate terms. This trend was broken in 2012 
Punjab assembly elections when the ruling SAD were able to halt the trend to retain the power 
and eventually becoming the first party since the creation of modern Punjab to rule the state for 
two successive terms (ECI, 2018a).  
During 2014 Indian general elections, the people of Punjab had an opportunity to vote for a 
newer political entity AAP. As a result, AAP won 4 out of the 13 Lok Sabha (Parliamentary) 
seats in Punjab while it drew nil in rest of India (ECI, 2014). Since then, there have been 
speculations that during the 2017 Punjab Assembly Elections, AAP would be a force to reckon 
along with traditional parties thus making the contest triangular. Going into 2017 Punjab 
Assembly Elections, the ruling SAD-BJP government was facing huge anti-incumbency which 
got triggered during 2014 Indian General Elections and saw even the current Finance Minister 
Arun Jaitley becoming the victim by failing to win in Amritsar Parliamentary Constituency 
considered, which traditionally have been a safe heaven for the combine (ECI, 2018b). The 
outcome was nothing less than the tsunami for the SAD-BJP government that had ruled the state 
since 2007 and Amritsar was considered a strong bastion of the SAD-BJP combine.  
The election commission of India (ECI) is solely responsible for conducting the state legislative 
elections in India (ECI, 2018a). Currently the Punjab legislative assembly has 117 members, 
which are elected for the tenure of 5 years. Out of the 117, 59 seats are required by a political 
party in order to establish a majority government. The ECI conducted assembly polls in Punjab 
on February 4, 2017 and results were declared on March 11, 2017. 
 
3. Literature Review 
This section is divided into four sub sections, namely social media, use of social media by 
politicians as well as politics, election prediction using Twitter and finally the presentation of the 
gaps, research questions and contributions made to the study. 
3.1. Social Media 
In this current decade, the popularity of social media especially Twitter has increased 
dramatically on the global stage (Panagiotopoulos et al., 2016; Statista, 2018). This exponential 
increase in usability has provided the researchers with a large amount of user generated data in 
order to predict or track public opinions (Blazquez and Domenech, 2017; Mellon, 2014; Ortiz et 
al., 2011; Preis et al., 2013; Suh, 2015). There has been an exponential rise in the traffic related 
to Twitter data (tweets) for predicting the outcome of future events, but work done is still in its 
infancy and encounters problems in one way or the other way.  
Twitter has been extensively used for multiple purposes namely promoting various public 
policies (Harris et al., 2014), warning for natural disasters (Chatfield et al., 2013), raising 
environment issues (Cody et al., 2015), evaluating voting intentions (Ceron et al., 2014) and 
handling emergency situations (Panagiotopoulos et al., 2016). The huge potential of Twitter to 
uncover unbiased information from user generated data was the foremost factor for using Twitter 
in our study. 
3.2. Social Media and Politics 
Many politicians across the nations use social media platforms (especially Twitter) for sharing 
their communiqué among their followers (Kelm et al., 2017) and being a multi-directional 
approach, it offers an effective as well as interactive communication (Kruikemeier et al., 2016). 
The political information shared on social media mostly engages young people (Vromen et al., 
2015). The published literature indicates that the online engagement on social media impacts 
user's sentiments (Ibrahim et al., 2017) which further influences the outcome of general elections 
in emerging economies such as India (Safiullah et al., 2017).  
Twitter has been used sparingly by politicians for advertising (Domingo and Martos, 2015; 
Hutchins, 2016), broadcasting purposes (Hutchins, 2016; Theocharis et al., 2016) and for 
engaging with citizens (Ahmed et al., 2016). LaMarre and Suzuki-Lambrecht (2013) have been 
able to show that Twitter usage by the politicians increases their chances of winning an election. 
The more the politician is active on social media, the more journalists as well as press give 
publicity to the news aired by the politician (Rauchfleisch and Metag, 2016). 
 
3.3. Election Prediction using Twitter 
Tumasjan et al. (2010) were the first to use Twitter to estimate the results of 2009 German 
federal elections. The major limitation of this study was that it was carried out post-election. 
Though the authors claimed high accuracy rate for top six political parties by using the simple 
technique of counting the number of tweets for each party, this technique attracted huge criticism 
(Gayo Avello et al., 2011; Gayo Avello, 2012; Jungherr et al., 2012). Gayo Avello (2011, 2012) 
pointed out the requisition to make a true prediction and that was the prediction must be made 
before the actual event has taken place. Moreover, he emphasized that simply relying on the 
number of tweets is not an accurate way of making the prediction and some computational model 
should be included in order to make the election predictions. 
Subsequent studies (DiGrazia et al., 2013; Jungherr et al., 2013; Makazhanov et al., 2014; Sang 
et al., 2012) followed the advice of Gayo-Avello and added some computational approach to 
their work rather than simply relying on the number of tweet mentions towards making the 
predictions. Ceron et al. (2014) used sentiment analysis along with the tweets to check the 
popularity of political candidates in Italian parliamentary elections 2011 and French presidential 
Elections 2012, while Singh et al. (2017) used sentiment analysis & tweets to forecast the 
outcome of 2016 US Presidential elections. Burnap et al. (2016) & Srivastava et al. (2015) 
improvised this research approach by introducing the mechanism to predict the number of seats, 
the contesting parties are likely to win in the elections using sentiment analysis of the tweets 
collected from Twitter. The prediction made by Srivastava et al. (2015) proved to be correct for 
2015 Delhi assembly elections, while Burnap et al. (2016) made an incorrect prediction for 2015 
UK General Elections. The above literature establishes a fact that Twitter can be utilized as a 
powerful tool for making electoral predictions if a proper methodology based on certain 
mathematical tools is also included rather than simply relying on the number of tweet mentions. 
3.4. Gaps and Contributions 
Till date to the best of our knowledge no study has presented a generic technique that can predict 
the outcome of an election with precise number of seats. Further, since Twitter is a multi-lingual 
platform, many people post their opinions in their native language (i.e. Non English language), 
but almost negligible work has been done in order to take into consideration the opinions posted 
in their native language. So through this study, we have tried to answer the following questions:  
(a) Can a generic technique be developed using Twitter data that can predict the election 
outcome with precise number of seats? 
(b) How non English tweets can be evaluated to predict the outcome of an event?  
Our research work is motivated by the work & guidance as suggested by Burnap et al. (2016); 
Gayo Avello (2011, 2012) and Srivastava et al. (2015). We first applied have social media 
analytics including sentiment analysis to tweets collected from Twitter in order to get their 
polarity and calculated the sentiment scores. Then we have applied proposed seat forecasting 
method in order to make the prediction for the number of seats that a party was likely to win in 
2017 Punjab assembly election. The combination of these two approaches helped us to predict 
the event outcome in close proximity to the actual results. 
4. Pre-Poll Factors 
As the 2017 Punjab assembly elections approached, in addition to the personal voting 
preferences there were several factors that were affecting the voting choice of the voters in one 
way or the other. These factors are discussed as following: 
a) BJP Winning streak: Ever since the landslide victory of BJP in 2014 Indian General 
Elections (ECI, 2014), BJP had an incredible winning streak in various state assembly 
elections (Andhra Pradesh, Arunachal Pradesh, Pondicherry, Sikkim, Haryana, Maharashtra, 
Jammu and Kashmir, Jharkhand and Assam) to form government by its own or with its 
alliance partners. So coming into 2017 Punjab Assembly Elections, BJP and its alliance 
partner SAD were in seventh heaven, having ruled the state for last one decade. 
b) Anti-incumbency against SAD: Heading into 2017 Punjab Assembly Elections, the ruling 
party SAD was facing huge anti-incumbency (Times of India Blog, 2016a). This anti-
incumbency was a result of various issues like unemployment, farmer loans & suicides, 
increasing crime rate and drug peddling in the state.    
c) Rise of AAP in Punjab: AAP made a dream debut in politics forming a government in New 
Delhi, as a result of 2013 Delhi Legislative Assembly Elections (Times of India, 2013). 
However, its ambition to become a national party suffered a huge setback as a result of 2014 
Indian General Assembly as they won only 4 out of 543 seats (ECI, 2014). However, all 
these 4 seats were won from Punjab state. This result made clear that AAP is providing 
people of Punjab with an alternative heading into 2017 Punjab Assembly Elections to 
traditional parties like SAD-BJP and INC. However, AAP was constantly in the news for 
various infightings among its leaders (Business Standard, 2016). To make the matter worse, 
AAP was unable to form an alliance with Navjot Singh Sidhu, which many newspapers 
claimed to be an invincible combination (Times of India Blog, 2016b). Ahead of the 
elections, AAP formed an alliance with Simarjit Singh Bains led Lok Insaaf Party (LIP) 
(Punjabi Tribune, 2016), a popular political leader from Ludhiana district. Under the alliance, 
it was decided that AAP will be contesting on 112 seats while be LIP will contesting on the 
remaining 5 seats. 
d) INC’s Aggressive Approach: Unlike BJP, who were having an incredible winning streak, 
INC lost many states they were ruling. So INC came into these elections with aggressive 
approach knowing that they have nothing to lose (Firstpost, 2016a). INC first made Prasant 
Kishore (Election Strategist) in charge of election campaign (ABP News, 2016). Kishore 
introduced initiatives like “Coffee with Captain”, “Halke Vich Captain” and job scheme 
(“Har Ghar Ton Ikk Captain”) (Hargharcaptain Website, 2018; Times of India, 2016) to 
make sure that the Chief Minister candidate Captain Amrinder Singh connects to the urban 
and rural population of Punjab in order to enhance its popularity (Indian Express, 2016). 
Seeing this approach, many leaders from other parties (AAP, BJP & SAD) (News 18, 2016) 
including Cricketer turned politician Navjot Singh Sidhu, joined INC party (Hindustan 
Times, 2017; Times of India, 2017). 
e) Sidhu Factor: Cricketer turned politician Navjot Singh Sidhu is a role model for youngsters 
and enjoys a huge fan following due to his clean political image. Sidhu was always a BJP 
loyal, but rift between the alliance partners SAD grew because of the various political issues. 
Ever since Sidhu was denied the Lokh Sabha ticket from Amritsar constituency from where 
he was sitting MP (Member of Parliament) for the last 3 terms. There were speculations that 
Sidhu was not happy as BJP continues its alliance with SAD. Sidhu was given Rajya Sabha 
MP seat in April, 2016 in order to end this growing rift (Tribune, 2016). However, within 2 
months he resigned from Rajya Sabha and finally in September, 2016 he quit the primary 
membership of BJP. During all this time, there were rumors that Sidhu might join AAP as 
their Chief Minister (CM) Candidate and many newspapers and political pandits termed it as 
an invincible combination (Firstpost, 2016b). Ultimately in January, 2017, Sidhu joined INC 
ending all the speculations (Hindustan Times, 2017; Times of India, 2017).    
5. Research Methodology 
The aim of this paper is to do in depth analysis of 2017 Punjab assembly elections using social 
media analytics. So in order to accomplish this mammoth task, we follow the methodology as 




1: Collecting the tweets from Twitter based on specific hashtags (#) for each political 
party. 
2: Preprocessing each tweet. 
2.1: Removing the unrelated/ unwanted tweets. 
2.2: Converting Punjabi language tweets into English language 
2.3: Converting all the tweets into lower case. 
2.4: Removing all punctuations. 
2.5: Removing all the numbers (numeric data). 
2.6: Removing all the English stop words. 
2.7: Removing all the web links & HTML tags. 
2.8: Removing all the extra blank spaces.  
3: Performing Social Media Analytics 
3.1: Calculating tweet statistics. 
3.2: Performing tweet network analysis. 
3.3: Performing # hashtag & @ mentions analysis. 
3.4: Performing sentiment analysis. 
3.4.1: Performing e-motion analysis. 
3.4.2: Performing polarity analysis. 




We have divided our procedural methodology into three phases. Phase-1 starts with the 
collection of tweets from Twitter to form a dataset. Tweets are collected in a time specific 
manner based upon specific hashtag (#). Once the collection of the tweets is complete, phase-2 
starts where we first check the presence of any non-english tweets. If any non-english tweet is 
present in the collected dataset, then we convert that tweet into English language in such a way 
that its semantic meaning is preserved. Once all the tweets in the dataset are in English language 
we move ahead to the task of data preprocessing. The task of data preprocessing is done in order 
to avoid any ambiguity that may alter the desired results.  
Once our coordinated dataset is ready, we have applied various social media analytics techniques 
(Chang, 2017; Singh et al., 2019; Stieglitz and Dang-Xuan, 2013). Generally, social media 
analytics is categorized into four broad categories namely descriptive analysis, content analysis, 
network analysis and geospatial analysis (Singh et. al., 2018a). The descriptive analysis gives 
descriptive statistics about number of tweets, number of tweet senders, hashtags, @mentions, 
word cloud etc (Chae, 2015; Ganis and Kohirkar, 2015; Purohit et al., 2013; Singh et al., 2018b). 
The content analysis deals with obtaining semantic content from the given text. This is achieved 
using techniques like sentiment analysis, topic modeling etc (Kassarjian, 1977; Kayser and 
Blind, 2017; Llewellyn et al., 2015; Zhang et al., 2016). The network analysis allows us to 
identify different communities and cluster of users based upon their opinion towards an entity 
(Abascal-Mena et. al., 2015; HerdaĞdelen et al., 2013; Stieglitz and Dang-Xuan, 2013). Finally, 
a geospatial analysis deals with location based and time series analysis (Attu and Terras, 2017; 
Saboo et al., 2016; Singh et al., 2018c; Stephens and Poorthuis, 2015). All these techniques 
produce differentiated results that together provided us with useful insights from different 
perspectives. 
We have used supervised machine learning algorithms to perform the task of polarity analysis. 
Finally, in phase-3 based on the polarity of each tweet, we have calculated seat share (i.e. 
number of seats) for all the three main political parties AAP-LIP, SAD-BJP and INC as other 
political parties virtually stands no ground. The detailed working of each step in our 
methodology has been explained in upcoming sections. The proposed methodology is 
represented pictorially in Figure 1. 
 
Figure 1. Proposed Methodology 
6. Tweet Collection 
The initial step in our proposed methodology is tweet collection from Twitter. The process of 
tweet collection has been done in an automated fashion. For this exercise to become fruitful, a 
tool has been developed using ASP.Net (Visual Studio, 2012) and integrated tweetinvi Twitter 
API (Application programming interface) (Tweetinvi API, 2017) for fetching tweets from 
Twitter. Figure 2 shows the tool developed by us for performing tweet collection task. Tweets 
were fetched based on specific hashtags (#) these included party and/or popular leader's names, 
as shown in Table 1. Tweets were exclusively collected from Punjab state only. 
 
Figure 2. Tool developed for tweet collection task (Punjabi tweet) 
 
Table 1. Hastags (#) used for fetching tweets 
 SAD & BJP INC AAP & LIP 
Hashtags (#) 











ECI declared Punjab assembly elections for February 4, 2017. Hence, we commenced our tweet 
collection almost a month earlier from January 7, 2017 and this exercise continued until 
February 3, 2017, a day before actual voting was scheduled to take place. During this period a 
total of 9,157 tweets were collected in English as well as Punjabi language which is the local 
language of Punjab. The daily tweet collection for all the three parties is shown in Table 2.  
Table 2. Daily Tweet Collection 
Dates AAP & LIP INC SAD & BJP 
07-01-17 103 89 69 
08-01-17 74 65 31 
09-01-17 202 124 43 
10-01-17 113 93 37 
11-01-17 138 140 39 
12-01-17 109 85 35 
13-01-17 62 41 28 
14-01-17 52 43 20 
15-01-17 151 179 82 
16-01-17 83 140 54 
17-01-17 222 212 68 
18-01-17 151 156 50 
19-01-17 186 124 101 
20-01-17 70 78 41 
21-01-17 54 81 19 
22-01-17 139 150 52 
23-01-17 185 158 44 
24-01-17 207 150 86 
25-01-17 108 96 86 
26-01-17 252 105 101 
27-01-17 209 149 60 
28-01-17 152 101 50 
29-01-17 216 177 68 
30-01-17 265 188 64 
31-01-17 209 121 68 
01-02-17 125 110 58 
02-02-17 194 81 101 
03-02-17 186 87 62 
Total 4217 3323 1617 
Percentage (%) 46.05 36.28 17.65 
 
7. Data Preprocessing  
Data preprocessing has often been a neglected task but it actually forms the most important 
constituent in the data mining process. Analyzing a set of data which has not been preprocessed 
could lead to conflicting results (García et al., 2015; Liu et al., 2015). Therefore, preparing data 
using data preprocessing approach is the most prioritized effort before executing an analysis. 
Since tweets, generally contains a lot of noise (unwanted stuff) (Haddi et al., 2013), wrong 
spellings & slang words which can ultimately affect the results (Van den Broeck et al., 2005), 
therefore data preprocessing is required to overcome these issues.   
The task of preprocessing was performed using R-Language (R-Language, 2018). Firstly, in 
order to maintain normality, we removed 564 tweets from a total of 9,157 tweets which were not 
directly related to Punjab assembly elections. After removal of 564 tweets we were left with 
8,593 tweets (AAP-LIP: 3,971, INC: 3,149, SAD-BJP: 1,473), out of which 113 tweets were in 
Punjabi Language. Using similar approach as used by Gaspar et al. (2016), a team consisting of 
an expert of Punjabi language and an expert of English language performed the transformation 
task of converting Punjabi language tweets into English language tweets. In order to check that 
no semantic meaning got lost during the conversion, two separate experts who knew both 
English and Punjabi languages re-verified the converted tweets. The results of transformation 
process are shown in Table 3. 
 
 
Table 3. Result of Tweet Transformation Task 
Tweet before Translation Tweet after Translation 
ਲੁਧਿਆਣਾ ਸੈਂਟਰਲ ਦੀ ਹਰ ਗਲੀ ਧ ਿੱ ਚ ਇਿੱਕ ਹੀ 
ਆ ਾਜ਼ ਗ ੂੰ ਜ ਰਹੀ ਹੈ I "ਇੂੰਕਲਾਬ ਧਜੂੰ ਦਾਬਾਦ" #AAP 
#LokInsaafParty #Letterbox  
There is only one voice in every street of the 
Ludhiana Central, "Inquilab Zindabad". 
#AAP #LokInsaafParty #Letterbox  
 
After this all the tweets were converted into lower case. Then, all the punctuations and numeric 
values present in the tweets were removed. Similarly, stop words (English Language) & web 
links were removed and finally the extra blank spaces (whitespaces) were eliminated. The end 
results of this phase were saved in a separate CSV file for further analysis. The final results of 
this phase are shown in Table 4. 
Table 4. Result of Preprocessing Task 
Original Tweet #AAPkaJunoon #AAP has definitely involved more common ppl in 
politics then ever bfr...#AAP a much needed freshness… 
https://t.co/Io0MNdZUHV 
Conversion to Lower Case #aapkajunoon #aap has definitely involved more common ppl in politics 
then ever bfr...#aap a much needed freshness… https://t.co/io0mndzuhv 
Removal of Punctuations aapkajunoon aap  definitely involved  common ppl  politics  ever bfr aap  
much needed freshness httpstcoiomndzuhv 
Removal of Stop Words aap  definitely involved  common ppl  politics  ever bfr aap  much neede
d freshness httpstcoiomndzuhv 
Removal of Web Links aapkajunoon aap  definitely involved  common ppl  politics  ever bfr aap  
much needed freshness  
Removal of Extra white 
spaces 
aapkajunoon aap definitely involved common ppl politics ever bfr aap 
much needed freshness   
 
8. Social Media Analytics 
Social media analytics is a branch of social analytics that deals with extracting important 
information from the data gathered from the social media websites and uses this important 
information for decision making.  In this section, we have applied various social media analytics 
techniques (Chang, 2017; Chatfield et. al., 2015; Eom et. al., 2018; Stieglitz and Dang-Xuan, 
2013), in order to do in-depth analysis of 2017 Punjab assembly elections.  
8.1. Tweet Statistics 
Tweet statistics (Purohit et al., 2013), broadly includes type of tweets, number of tweets and 
number of users. A total of 8,593 tweets were generated from 7,798 unique users. Among 9,157 
tweets, 113 tweets were in Punjabi Language. AAP+LIP had major chunk of total tweets i.e. 
4,217 (46.05%). The detailed results of tweet statistics are shown in Table 5. 
 
 
Table 5. Tweet Statistics 
 AAP & LIP INC SAD & BJP 
Total Tweets 3971 3149 1473 
Total Tweets (English) 3904 3116 1591 
Total Tweets (Punjabi) 67 33 13 
Average Tweets per day 141.82 112.46 52.60 
Total Unique Senders 3589 2814 1395 
Average Tweets per Sender 1.106 1.119 1.055 
 
8.2. (#) Hashtag Analysis 
Hashtag Analysis (Chae, 2015), consists of various statistics related to hashtags present in the 
captured tweets. A total of 641 unique (#) hashtags were identified in 8,593 tweets. 
Approximately 61% (5241) of tweets contained more than one hashtag. Our analysis showed 
that #aap was most popular hashtag with a total of 3,137 instances. The top 20 hashtags that 
had maximum occurrences in our tweets are shown in Figure 3.  
 
Figure 3. Top 20 (#) Hashtags with Maximum Occurrence 
 
Blue bars (#aap, #kejriwal, #ghuggi, #nris, #delhi, #punjabaapdenaal, #bhagwantmann) in 
Figure 2 represent hashtags related to AAP-LIP, yellow bars (#sad, #badal, #bjp, #sukhbir) 
represents hashtags related to SAD-BJP, while green bars (#congress, #amarinder, 
#rahulgandhi, #navjotsinghsidhu) represents hashtags related to congress party. In addition to 
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8.3. @ Mention Analysis 
@Mention Analysis (Shuai et al., 2012), consists of various statistics related to @mentions 
that were used by users. A total of 1,785 @mentions were present, out of which 874 were 
unique. @arvindkejriwal had maximum occurrences of 259 according to analysis. The top 10 
@mentions that had maximum occurrences in our tweets are shown in Figure 4. 
 
Figure 4. Top 10 @ Mentions with Maximum Occurrence 
 
Blue bars (@arvindkejriwal, @aamaadmiparty) in Figure 3 represent @mentions related to 
AAP-LIP, yellow bars (@officeofrg, @sherryontopp, @incindia, @capt_amarinder) represents 
@mentions related to SAD-BJP, while green bars (@narendramodi, @bjp4india, 
@officeofssbadal, @akali_dal_) represents @mentions related to INC party. 
8.4. Network Analysis 
Network Analysis (HerdaĞdelen et al., 2013), consist of various communities taking active part 
in a particular discussion. Figure 5 shows tweet network graph for all the three political parties 
under consideration. It is developed using open graph visualizing platform Gephi (Bastian et al., 
2009). Blue colored nodes and edges represent the tweet network for AAP-LIP, which is the 
largest among all political parties. Green colored nodes and edges represent the tweet network 
for INC. While orange colored nodes and edges represent the tweet network for SAD-BJP, which 
is the smallest among all political parties. 
Notably, AAP-LIP clearly received the higher proportion of tweet count with 3,971 (46.21%) 
tweets, while INC has 3,149 (36.64%) tweets and SAD-BJP remained distant third with 1,473 
259
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(17.14%) tweets. Earlier work done by various researchers in the field of election prediction 
using Twitter at initial stages, applied this simple technique of counting the number of tweet 
mentions that a party receives (Tumasjan et al., 2010), but this technique lacks reliability as 
higher tweet count can be on account of both because positive as well as negative tweets. Hence, 
we don’t consider it as an ideal technique for making a truthful prediction. 
 
Figure 5. Tweet network graph for political parties 
 
8.5. Word Cloud 
Word cloud is a visual representation of text containing words with the highest frequencies 
(McNaught, and Lam, 2010). Larger the word more is its frequency in the given text. For our 
analysis, we set a minimum frequency of 25. Under this criterion 250 words were selected 
with word “aap” having maximum frequency of 4,998 followed by word “congress” with 
frequency of 3,670. The corresponding word cloud of our analysis is shown in Figure 6. 
 
Figure 6. Word Cloud of frequent words 
 
8.6. Sentiment Analysis 
Sentiment analysis is the study of analyzing people's opinions, sentiments, evaluations, 
appraisals, attitudes and emotions towards entities such as products, services, organizations, 
individuals, issues, events, topics, and their attributes. Sentiment analysis is also referred as 
opinion mining, opinion extraction and sentiment mining (Aswani et al., 2018; Capriotti and 
Ruesja, 2018; Grover et al., 2018; Liu, 2012; Mishra and Singh, 2016; Rathore and 
Ilavarasan, 2020; Terán and Mancera, 2019; Wu and Shen, 2015; Zavattaro et al., 2015). 
Under sentiment analysis, we performed two different operations (a) E-Motion Analysis 
(Mohammad and Turney, 2010; Ou et al., 2014) and (b) Polarity Analysis (Saif et al., 2013; 
Yaun et al., 2017). 
(a) E-Motion Analysis: It is a sentiment analysis operation, in which data is categorized into 
eight emotions (Trust, Surprise, Sadness, Joy, Fear, Disgust, Anticipation and Anger). 
For our analysis we have performed the entire experimentation using syuzhet package in 
R-language. Figure 7 shows the results of e-motion analysis. INC had maximum trust and 
anticipation, while maximum values were recorded by AAP-LIP for remaining six e-
motions. 
 
Figure 7. Results of E-Motion Analysis 
(b) Polarity Analysis: Polarity analysis is a process of classifying the given text into positive 
or negative. For performing polarity analysis, we have used WEKA 3.8., which is an 
open source software and consists of a collection of machine learning algorithms for data 
mining tasks (Witten et al., 2016). We have used the supervised machine learning 
technique to accomplish the task of polarity analysis. In support of our approach, we have 
used two training dataset, reviews from Amazon (McAuley and Leskovec, 2013) and 
IMDb (Maas et al., 2011). In aggregate, dataset consists of 2000 sentences and 
corresponding sentiment of each sentence in form of "0" (negative) and "1" (positive). In 
addition to this, to achieve the higher level of efficiency we  have manually annotated 
1000 tweets (500 Positive and 500 Negative) collected by us. This helped us to add 
domain specific training data to our training dataset.  Table 6 shows the statistics of our 
training dataset, while Table 7 shows example of the training dataset. 
 
Table 6. Training Dataset Statistics 
Source Positive Instances Negative Instances 
Amazon 500 500 



















































APP & LIP Congress SAD & BJP
Table 7. Training Dataset Examples 
Source Positive  Negative  
Amazon So Far So Good! 
I bought it for my mother and 
she had a problem with the 
battery 
IMDb 
The success of the film depends on the 
casting of Sydney Greenstreet as the 
Alexander Yardley character 





a captain will beat a general in patiala: capt 
amarinder on jjsingh 
sad violating model code of 
conduct: aap hr wing head 
navkiransingh 
 
Further, we have built classification models using Support Vector Machine (SVM) (Schölkopf et 
al., 1999), K-nearest neighbor (KNN) (Aha et al., 1991) and Decision Tree (DT) (Quinlan, 
1993). The aim of choosing multiple models were to check which model gives us the best results 
for our training data. The results of various classification models are shown in Figure 8. Since 
SVM outperforms the other classification models, we have used it for further operations. Figure 
9 shows detailed results along with confusion matrix for SVM classification model. Further, we 
have used filtered classifiers, which enable us to build a classifier with a filter of our choice. 
SVM is used as a classifier while "StringToWordVector" is used as a filter which converts a 
string attribute to a vector that represents the word occurrence frequencies (Witten et al., 2016). 
We have employed 10-fold cross validation, also known as rotation estimation to analyze how a 
predictive model would perform on an unknown dataset. 
 




















Accuracy Area under the Curve
(ROC)
F-Measure Relative Absolute Error
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Figure 9. Results of Classification Model (SVM) 
For testing dataset, we have used the preprocessed tweets (See section 7). Then we have exposed 
the testing dataset to our classification model developed using SVM and eventually we have 
collected classification results i.e. polarity of each tweet. Some of the instances of the results 
obtained after classification are shown in Table 8. Figure 10 shows the graphical representation 
of results obtained from the sentiment analysis. 
Table 8. Result after classification of testing dataset 
Source Positive  Negative  
SAD+BJP 
akali will win this election with 
thumping majority sukhbir badal  
were they sleeping for 10 years, asks capt 
amarinder rejecting sad manifesto promise 
of farm loan waiver as gim 
INC 
congress goes full throttle with 
rallies, roadshows, bike rallies on 
last day of campaigning in punjab 
congress permanently expels 9 more 
dissidents from primary membership after 
they did not withdraw from the punjabpoll 
race 
AAP+LIP 
nris campaign for aap despite 
inclement weather in punjab 
families of punjab farmers who committed 




Figure 10. Results of Sentiment Analysis 
Although AAP-LIP had highest tweet count but INC has the best net score (positive tweets – 
negative tweets). This proves our hypothesis that simply relying on the number of tweets is not a 
reliable way of performing the prediction task, and hence the polarity of tweets should be taken 
into account for performing prediction task.  
9. Seat Winning Prediction 
In this section, we have proposed a forecasting method using which we can predict the possible 
number of seats that a political party could likely win in the elections. Unlike the previous seat 
prediction methods (Burnap et al. 2016; Srivastava et al. 2015), our method does not give an 
absolute value but indeed a range under which the seats of a political party may lie. The main 
aim behind adopting this range criterion is to make it universal seat forecasting method that can 
be applied to any country or state for forecasting. Further, it is a highly challenging task to 
predict the exact number of seats that a political party is likely to win in the upcoming elections. 





























Total Tweets Positive Tweets Negative Tweets Net Score(Postive - Negative)
Algorithm 2 
Start 
1: Calculate actual sentiment score (ASS) for each political party, based on the polarity of 
tweets. 
2: Identify the political party with the highest ASS. 
3: Get the historic data and rearrange the data in increasing order, on the basis of vote 
share (%).  
4: Split the  historic data into 2 subsets: 
4.1: All the vote shares (%) that are less than or equal to ASS (Highest) should be put 
in set-1, and name it as lower bound (LB). 
4.2: All the vote shares greater than ASS (Highest) should be put in set-2, and name 
it upper bound (UB). 
5: Apply Linear Regression for seat prediction on both subsets:  
5.1: Apply Linear Regression on LB, and calculate seats (SLB). 
5.2: Apply Linear Regression on UB, and calculate seats (SUB). 
6: The predicted seats are in the range of SLB to SUB. 
End 
 
The proposed seat forecasting method, starts with calculation of actual sentiment score (ASS) for 
all the political parties and the party with highest ASS is selected. Next, we have collected 
historic data based upon the previous Punjab assembly elections. The collected historic data has 
been rearranged in increasing order of vote share (%). All the historic vote shares (%) that are 
less than or equal to ASS (Highest) are grouped together in the set lower bound (LB). Similarly, 
all the historic vote shares (%) that are greater than ASS (Highest) are grouped together in the set 
upper bound (UB). Finally, linear regression is applied to both LB & UB to calculate the possible 
seat range SLB to SUB. The detailed working of the seat forecasting method has been explained in 
following sub sections. 
9.1.   Actual sentiment score (ASS) 
This score is based upon the polarity (Positive or Negative) of tweets (See section 8.6). The 
positive tweets are used to calculate positive sentiment score (PSS), while the negative tweets 
are used to calculate negative sentiment score (NSS). Based upon PSS and NSS, ASS is 
calculated using the Equation 1. The ASS for each party is shown in Table 9. 
PSS = Total Number of positive tweets for a party P 
 
NSS = Total Number of negative tweets for a party P 
 
ASS = 
(PSS of party P) – (NSS of party P)
∑(PSS for all parties) − ∑(NSS for all parties)




Table 9. Daily Tweet Collection 
 AAP & LIP INC SAD & BJP 
Total Tweets 3971 3149 1473 
PSS 2108 1761 857 
NSS 1863 1388 616 
PSS-NSS 245 373 241 
ASS (%) 28.52 43.42 28.05 
 
9.2. Historic Data 
The seat forecasting method proposed by us works on the basis of historical data i.e. the 
results of previous elections. Although, the state of Punjab came into existence in the year 
1966 but the number of assembly seats were not 117 at that time. Hence we have considered 
only that historical data in which the number of assembly seats were 117, similar to current 
date scenario.   The details of the historic data are shown in Table 10. Since INC has the 
highest ASS (43.42), we have split the historic data accordingly. The vote share (%) which 
are less than or equal to 43.42 are placed into one subset (Lower Bound) while the remaining 
are placed into the other subset (Upper Bound). The historic data along with two subsections 
is shown in Table 11. 
 
Table 10. Historic Election Data (ECI, 2018b) 
Year Vote Share (%) Number of Seats Winner Political Party 
2012 41.91 68 SAD & BJP 
2007 45.37 67 SAD & BJP 
2002 35.81 62 INC 
1997 45.97 93 SAD & BJP 
1992 43.83 87 INC 
1985 43.00 79 SAD & BJP 
1980 45.19 63 INC 
1977 46.40 83 SAD & Janata Party 
 
Table 11. Rearranged Historic Election Data 
Vote Share (%) Number of Seats Section 

















9.3. Seats Forecasting  
This is the final phase of the proposed method. Based upon the lower and the upper bound 
the possible seat range is calculated using another supervised machine learning algorithm, 
linear regression (Montgomery et al., 2012) and is implemented using WEKA. Linear 
regression establishes a mathematical relationship between a dependent variable and an 
independent variable using Equation 2, where ‘y’ is the estimator for the dependent variable, 
‘a’ is an intercept of ‘y’, ‘b’ is the regression coefficient and ‘x’ is score of independent 
variable. 
           y = a + bx     (2) 
In our case the independent variable is the vote share (%), and the dependent variable is the 
seats, as we are finding the number of seats based upon the vote share (%). The training 
dataset for the prediction is historic data, while the testing dataset is the ASS of INC party i.e. 
43.42%. Based upon the lower bound subset values, the linear regression gave a minimum 
value of seats as 75.69 (~76 Seats). Similarly, for upper bound subset values the linear 
regression gave a maximum value of 78.6 (~79). So the predicted range lies between 76 to 79 
seats for a given vote share of 43.42%.  Figure 11 and Figure 12 shows scattered plots along 
with the best fit slope for the lower and the upper bound subset respectively. The blue color 
points represent the historic data while the red color point represents the predicted data. 
 
Figure 11. Linear Regression on Lower Bound 
Subset 
       
 













































According to our proposed method, the INC was likely to win 76 to 79 seats in 2017 Punjab 
assembly elections and they actually won 77 seats, which was well within our predicted range. 
For calculating the number of seats for party finishing second and third, Equations 3a, 3b, 4a and 
4b are used. The details of the seats are shown in Table 12. 
 
T=117 (Total Number of Seats), FU=79 (Upper Seat Limit of 1st party), FL=76 (Lower Seat 
Limit of 1st party), SU= Upper Seat Limit of 2nd party, SL= Lower Seat Limit of 2nd party, LU= 




(T−FL) X (ASS of 2nd) X 2 
100
]    (3a) 
 
SL= [
(T−FU) X (ASS of 2nd) X 2 
100
]    (3b) 
 
LU= (T − FL − SL)    (4a) 
 
LL= (T − FU − SU)    (4b) 
 
 
Table 12. Likely Seats of Each Party 
 ASS (%) Upper Seat Limit Lower Seat Limit Seat Range 
INC 43.42 79 76 79-76 
AAP & LIP 28.52 23 22 23-22 
SAD & BJP 28.05 19 15 19-15 
 
10. Discussion 
Methodologically, our research work presents a technique which can predict the outcome of an 
election along with number of seats from the user generated social media content (tweets). In this 
section, we have compared our computed results with the actual results and have further 
compared our method with other seat prediction methods (See Section 3). In addition to these 
strategies, we have discussed the implication for various stakeholders. Finally, limitations are 
discussed with future directions.    
10.1. Comparison with Actual Results 
Based upon the results of our seat forecasting method, the INC must win 76 to 79 seats. 
However, the results are of no importance if they are not validated and compared with actual 
results. The voting for 2017 Punjab Assembly Elections was held on February 4, 2017 with 
results declared on March 11, 2017. Our prediction for INC proved correct as they won 77 seats 
which exactly lie in the range (76 to 79) as predicted by us. Similarly, the ASS (43.42%) 
calculated by us was quite close to the actual vote share (%) of INC (38.5%) (ECI, 2017). 
Further, the seats won by party finishing second and third were also exactly lying in the range as 
predicted by us. The details of the same along with MAE are shown in Table 13.  
Table 13. Comparison of Results (ECI, 2017) 
 Predicted Results Actual Results MAE % 
(ASS – Vote Share)  ASS (%) Seats Vote Share (%) Seats 
INC 43.42 79-76 38.5 77 +4.92 
AAP & LIP 28.52 23-22 24.9 22 +3.62 
SAD & BJP 28.05 19-15 30.6 18 -2.55 
[Note: Vote share of AAP & LIP was 23.7 and 1.2 respectively. Similarly vote share of SAD & 
BJP was 25.2 and 5.4 respectively] 
However, there does exist a difference between the actual vote share and ASS calculated by us.  
One of the possible reasons for this divergence can be the fact that on many assembly seats the 
candidates finishing first and second were separated by just few hundred votes. Further, we have 
performed the entire experimentation for INC, AAP-LIP and SAD-BJP only but there were many 
other parties and independent candidates who though didn’t win yet drew a large volume of 
votes (ECI, 2017) and led to this contradiction. 
10.2. Comparison with Other Seat Forecasting Techniques 
After an intensive literature review, we came across only two papers i.e.  Srivastava et al. (2015) 
and Burnap et al. (2016) that have used any Twitter based seat forecasting method. Srivastava et 
al. (2015) predicted the results of 2015 Delhi assembly elections. They calculated positive 
sentiment share for each party based upon sentiment analysis. Further they used mapping 
functions to convert this positive sentiment share into seat share. Their results achieved high 
degree of accuracy, setting a benchmark for other techniques. 
Burnap et al. (2016) predicted the seats for 2015 UK general election. They used sentiment 
analysis on Twitter data to calculate positive party sentiment for each party. Based upon this 
positive party sentiment, seat forecasting was done on constituency by constituency (seat by seat) 
basis by applying national swing on UK 2010 general election results. However the calculated 
results proved to be incorrect, making it not suitable for future adoption. 
Though both of these methods were novel and served as a major motivation for our research 
work. However, both of these techniques suffered from two major short comings, firstly negative 
tweets or negative sentiment scores were not considered (Burnap et al., 2016 considered partial 
negative scores while ignoring majority of them) and secondly, both methods were trying to 
predict the exact number of seats. Since prediction is a trivial task and it is highly impossible to 
precisely predict the exact number of seats a party will be winning in the elections. Hence, to 
overcome these problems, we have considered both positive as well as negative tweets for our 
calculations. Further, we have proposed a seat forecasting method that gives us a range of seats 
instead of exact number that a party is likely to win in the elections. Using the range method 




The implication of this study for practice has been divided into three subsections (a) Political 
Parties contesting the elections (b) General Public which votes to elect new leaders and (c) 
Opinion poll experts. These subsections are discussed briefly below. 
(a) Politicians/ Political Parties: Since political parties and their party heads are continuously 
engaged in social media for communication with public and ultimately these people are the 
one who are going to vote to elect their leaders. They can see which leader is more popular in 
certain region or constituency so that he can be given chance to contest from that particular 
region or constituency, so that there is more chance of a victory. Further, parties can monitor 
what are the demands of people so that they can add that in their manifesto, which will again 
be beneficial for these political parties. 
 
(b)  People: They are the principal stake holders, as ultimately they are the ones who actually 
vote and elect the new government. Having direct contact with the political leaders is really 
beneficial and people do prefer electing those leaders who are easily accessible. As literature 
survey suggests the social media engagement increases the chances of politicians of winning 
an election. Further, people can get insights that which leader is promising what and how 
he/she has performed in his/her previous tenure or he/she is a novice in politics. All this 
really guide the general public to elect their leader wisely. 
 
(c) Opinion poll experts: Generally, opinion poll is biased as it contains only a certain number 
of people whose responses were taken and that too from a particular region or constituency. 
But using this technique, opinion poll expert can give an unbiased opinion, as social media 
data is gathered from different people covering different regions. Most elections in India are 
held in phased manner, so opinion polls of earlier phases many times do affect the voting of 
other phases. Hence, this technique can be used to give unbiased opinion polls. Further, we 
can improve the preciseness of the opinion polls by combining the proposed technique with 
survey approach.  
 
10.4 Limitation and Future Research Directions 
Though, our study has given us very encouraging results and it is clearly depicted that our 
proposed technique can be applied as a generic method to predict the election outcomes based 
upon Twitter data. However, our study suffers from a few limitations and these studies can 
certainly be addressed in the future so that we can get more precise and accurate results. The 
main limitation of this study is dataset of 9,157 tweets, on which the entire experimentation has 
been performed. As the tweet collection period considered by us is approximately one month, 
definitely we can expand this period to at least six months or more. Further, if tweets could be 
collected for a larger timeline, we can check what all events lead to switching of loyalties from 
one political party to another. We can also check the monthly timelines, which will give us clear 
indication where a particular party lost its momentum when compared to its counter parts. 
Similarly, bot detection (Chu et al. 2010) has also not performed in our proposed technique. 
Social media bots can adversely affect the prediction, by making the results biased. Hence, it is 
very important to address them. Further, only original tweets have been considered for analysis, 
while no emphasis has been given to re-tweets. Re-tweets as we know constitute up to third of 
the entire Twitter traffic (Holmberg, 2014), hence considerable amount of Twitter traffic has 
been ignored by us in our analysis. In addition to this, many social media analytics techniques 
like topic modeling and location based analysis has not been used. These techniques would have 
given better results and should be included in future studies. Moreover, in our technique only 
Twitter data has been used, however future studies can also incorporate data from other social 
media platforms like Instagram. This will open whole new horizons for researchers as concept of 
digital image processing (Pitas, 2002) can be used to fetch details from the images. 
11. Conclusions 
In recent times Twitter has been extensively used for election prediction. However, none of the 
work done till date to the best of our knowledge has been able to provide a generic technique that 
could predict the outcome of any election taking place anywhere in the world based upon the 
Twitter data. The aim of this paper was to highlight the success of our proposed approach to 
predict the winner of 2017 Punjab Assembly Elections along with conformity about the 
percentage vote share and hence the number of seats that each party was likely to get. Since 
prediction of a future event has always been a trivial task and it is impracticable to predict the 
exact number of seats. Therefore our seat forecasting method contains the range (Upper and 
lower limit) that a party is likely to win based on historical data.  
According to our research INC was predicted to win the 2017 Punjab Assembly Elections by 
getting a total of 79-76 seats from the available 117, which proved correct as they won 77 seats. 
Not only that we also correctly predicted the seats won by political parties finishing second 
(AAP-LIP) and third (SAD-BJP). This clearly shows that the proposed method of election 
prediction using historic data and regression can be considered as a reliable technique to predict 
the results of future elections. Further, this proposed method is not only for Punjab Assembly 
Elections, but can be used as a generic solutions for all the countries/states etc where the winning 
political party is the one which has a maximum number of seats.   
However, we perceive that there is a scope of further improvement by refining this research work 
to a higher step by introducing the concept of location based tweet analysis. This would enable 
us to make prediction at district level or even precisely for a particular assembly seat. 
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